Abstract The aim of this study was to evaluate the influence of honey botanical origins on rheological parameters. In order to achieve the correlation, fifty-one honey samples, of different botanical origins (acacia, polyfloral, sunflower, honeydew, and tilia), were investigated. The honey samples were analysed from physicochemical (moisture content, fructose, glucose and sucrose content) and rheological point of view (dynamic viscosity-loss modulus G 00 , elastic modulus G 0 , complex viscosity g*, shear storage compliance-J 0 and shear loss compliance J 00 ). The rheological properties were predicted using the Artificial Neural Networks based on moisture content, glucose, fructose and sucrose. The models which predict better the rheological parameters in function of fructose, glucose, sucrose and moisture content are: MLP-1 hidden layer is predicting the G 00 , g* and J 00 , respectively, MLP-2 hidden layers the J 0 , while MLP-3 hidden layers the G 0 , respectively. The physicochemical and rheological parameters were submitted to statistical analysis as follows: Principal component analysis (PCA), Linear discriminant analysis (LDA) and Artificial neural network (ANN) in order to evaluate the usefulness of the parameters studied for honey authentication. The LDA was found the suitable method for honey botanical authentication, reaching a correct cross validation of 94.12% of the samples.
Introduction
Honey is a natural product, with a high viscosity, sweet and with a specific aroma, and it is known as the oldest sweetener by humans. The composition, color, aroma, and flavor of honey depend firstly on flowers, climate, geographical regions and honey bee species involved in its production (Kadri et al. 2017) .
The botanical origin of honey is influenced mainly by the frequency of the pollen types of nectariferous species (Belay et al. 2017) . Honey is classified as a monofloral one, if the dominant pollen grains reach an established threshold and show the typical flowing property of the corresponding type (Arrigoni et al. 2014) . Various unifloral honeys exhibit usual sensory, physicochemical and melissopalynological properties. However, the analyses of these properties are protracted and involve dedicated experts (Siddiqui et al. 2017) . Over the last years, the authentication of honey has been based on the evaluation of sensory and physicochemical parameters Popek et al. 2017; Manzanares et al. 2014; Isla et al. 2011) , phenolic compounds (Biluca et al. 2017; , volatile profile (Oroian et al. 2015a; Escriche et al. 2011) , mineral content (Czipa et al. 2017; Oroian et al. 2015b , Kaygusuz et al. 2016 , sugar profile (de Sousa et al. 2016) , proton transfer reaction mass spectrometry (PTR-MS) (Kuś and van Ruth 2015) , nuclear magnetic resonance (Boffo et al. 2012) , antioxidants (Lachman et al. (2010) , DNA metabarcoding (Prosser and Hebert 2017) , and FT-IR spectrum (Osés et al. 2017; Mehaya et al. 2015; Gok et al. 2015) .
Honey rheology is one of the most important characteristic of honey because it affects the quality and is useful for the processing equipment design (Anupama et al. 2003) . The rheological properties, e.g. viscosity, depend on & Mircea Oroian m.oroian@fia.usv.ro several factors: temperature, moisture content, chemical composition (Oroian 2012 (Oroian , 2015 . The viscosity is considered an important parameter in all stages of honey production, starting from the extraction of honey from combs to straining, pumping, processing, as well as packing (Nayik et al. 2016) . Considering the importance of the honey rheological properties and their implications on the quality and process control of food and on the consumers organoleptic perception, the aim of this study was to characterize honey from the physicochemical and rheological point of view, and to evaluate the usefulness of these parameters for honey authentication.
Materials and methods

Materials
For this study 10 samples of acacia honey, 8 samples of tilia honye, 11 samples of sunflower honey, 10 samples of honeydew honey, and 12 samples of polyfloral honey were analysed. All samples were purchased from beekeepers located into Suceava County, Romania. To prevent the influence of crystals and air bubbles (Oroian 2012) on rheological properties, the samples were heated at 55°C to dissolve any crystals, prior to the analyses.
Physicochemical analysis
The moisture content, glucose, fructose and sucrose were determined according to the Harmonised methods (Bogdanov et al. 2002) .
The sugars in honey samples were carried out by a HPLC model ADVP-SHIMADZU, with RI-detector, according to a method described by Bogdanov et al. (2002) . For the separation of the sugars a 250 9 4.6 mm i.d. and particle size 5 lm amino column was used. HPLC conditions were: flow rate of 1.3 mL/min, mobile phase A acetonitrile and mobile phase B water at a 80:20 ratio (v/v). All the sugars were expressed as g/100 g. All the analyses were performed in triplicate.
Dynamic rheology
A Mars 40 rheometer (Thermo Haake, Germany) was used for the determination of dynamical rheological properties of honey with a parallel plate system (Ø 40 mm) at a gap of 1000 lm. Prior to the determination, all the samples were placed between the plates and maintained for 5 min to recover itself and to reach the desired temperature. The measurements were made at 20°C. For determining the linear viscoelastic region, a stress sweep test was performed at 1 Hz. The tests were made at a frequency range of 0.1-10 Hz at 1 Pa stress (which was in the linear region). The rheological parameters used were: loss modulus G 00 (Pa), elastic modulus G 0 (Pa), complex viscosity g* (PaÁs), shear storage compliance-J 0 (1/Pa), and shear loss compliance J 00 (1/Pa). A Rheowin Job software (v. 4.63, Haake) was used to obtain the experimental data and to calculate the complex viscosity (g Ã ). All the samples were analysed in triplicate.
Statistical analysis
The Unscrambler X 10.1 (Camo, Norway) was used for the statistical analysis (analysis of variance (ANOVA), Principal component analysis (PCA) and Linear discriminant analysis (LDA)). The Neurosolution 7.0 trial version (IBM, USA) was used for the artificial neural networks-ANN-(multilayer perceptron (MLP), probabilistic neural network (PNN) and modular neural network (MNN)).
Results and discussions
Physicochemical properties
The physicochemical parameters (moisture content, fructose, glucose and sucrose) of honey according to botanical origin are presented in Table 1 . The moisture content of the samples ranged between 14.5 and 19.8%, being lower than the maximum allowable level of 20% established by the Codex Alimentarius (2001). A moisture content higher than 20% may accelerate the fermentation processes during storage (Oroian 2012) . The moisture content is influenced by the origin (P \ 0.05); the honeydew honeys had the lowest concentration, while the sunflower showed the highest concentrations. Our moisture contents are similar to those reported in literature (Bath and Singh 1999; Manzanares et al. 2014; Escriche et al. 2014 , Popek et al. 2017 Atanassova et al. 2016; . Singh and Bath (1997) reported similar moisture content for Trifolium and Eucalyptus lanceolatus honeys, but the higher moisture content for Brassica juncea honey.
The honey sugar composition is influenced by the botanical origin (Kaškonien_ e et al. 2010), thus the level of different sugars in honey may indicate the honey authenticity (Oddo et al. 2004) . Acacia honey had the highest concentration of fructose, as it was observed in the case of Spanish and Czech acacia honeys (Juan-Borras et al. 2014 ), while sunflower honeys had the lowest level of fructose. In the case of glucose, the highest levels were observed for the honeydew honeys, while the acacia honeys displayed the lowest level. The low content of sucrose indicates that honey samples were properly matured before harvesting (Juan-Borras et al. 2014) , and the values of sucrose are in agreement with those reported for the Mozambique honeys (Escriche et al. 2017 ) and European honeys (Odoo et al. 2004 ). The honeydew samples did not contain sucrose.
Honey rheology
In Fig. 1 is presented a typical honey rheogram observed at 20°C. The honey sample exhibited Newtonian behaviour (the honey complex viscosity is not influenced by the frequency generating a viscosity plateau); regarding the G 0 and G 00 , it can be observed that G 00 ) G 0 due to the viscous nature of honey (Oroian 2012) . The J 0 and J 00 are strongly negatively correlated with the frequency. The elastic modulus and loss modulus are strongly influenced by the frequency applied. The Newtonian behaviour of honey has been reported for other honeys from different countries, as follows: Burkina Faso (Escriche et al. 2016) , Mozambique (Escriche et al. 2017) , Poland (Juszczak and Fortuna 2006) , Israel (Cohen and Weihs 2010) and Spain (Oroian et al. 2013a, b) . Regarding the influence of moisture content, it was observed that the rheological parameters magnitude are decreasing strongly with the increasing of the moisture content because water is reducing the molecular friction and hydrodynamic forces into the matrix (Al-Mahasneh et al. 2014 ).
Honey rheological parameters prediction using artificial neural networks
The study was conducted using the artificial neural networks prediction of the rheological parameters as output parameters (loss modulus G 00 (Pa), elastic modulus G 0 (Pa), complex viscosity g* (PaÁs), shear storage compliance-J
0
(1/Pa) and shear loss compliance-J 00 (1/Pa)) using the physicochemical parameters as input parameters (fructose, glucose, sucrose and moisture content). The multilayer perceptron (MLP), modular neural network (MLP) and probabilistic neural network (PNN) were used for predicting the rheological parameters. The statistical parameters used for checking the suitability of the model were: mean squared error (MSE), regression coefficients (R 2 ) and mean absolute error (MAE). The input data was divided into three categories: training (40% of the experimental data), cross validation (30% of the experimental data) and testing (30% of the experimental data), and for each model it was used a different number of hidden layers (intermediate layer between the input and output layer) ranging from one to three. Each model was based on 51 experiments and the values of the rheological parameters where taken from the frequency of 1 Hz. In Table 2 are presented the statistical parameters for each model analysed; the suitability of the model was not improved by the increasing of the number of hidden layers. Taking into account the statistical parameters, the suitable model for elastic modulus prediction is MLP-3 hidden layers, for loss modulus, complex viscosity and shear storage compliance is MLP-1 hidden layer, and for shear loss compliance is MLP-2 hidden layers, respectively. The lower values of regression coefficients for G 0 are because it is hard to achieve a proper evolution of this parameter due to the fact that honey has a low elastic part (G 00 ) G 0 ) and the presence of any crystals can interfere in the determination (Oroian 2015) .
There are other studies related to the artificial neural network prediction of rheological parameters based on water content, temperature and shear rate (Ramzi et al. 2015) , temperature, frequency and moisture content (Oroian 2015) , or chemical composition, temperature and frequency (Escriche et al. 2017) . In these studies it was observed that the frequency and temperature has a higher impact on the rheological parameters (Oroian 2015; Escriche et al. 2017) , and for this reason in this work were predicted only the parameters on chemical composition (moisture content, fructose, glucose and sucrose content) to see which compound influences more the rheological parameters.
Honey authentication
The statistical methods (PCA, LDA and ANN) were used for achieving the authentication of honey using the physicochemical and rheological parameters.
Principal component analysis (PCA)
The principal component analysis evaluated the total effect of botanical origin of honey on rheological and physicochemical parameters from a graphical representation (Fig. 2) . The first two principal components (PC1 ? PC2) are representing 99% of the total variance: PC1 represents 98% of the variance, while PC2 represents 1% of the variance, respectively. In Fig. 2 is presented the principal component analysis scores and it can be observed that the honey samples are grouped into five different groups, each one corresponding to a botanical origin. The acacia, tilia and honeydew are clearly separated as groups, while sunflower and polyfloral honeys are mixed. The mixing of the samples between sunflower and polyfloral may be because of the high variability of polyfloral honeys. Regarding the influence of the parameters, it can be observed that G 00 , fructose and glucose content influence significantly the projection, while J 0 , J 00 , g*, sucrose and moisture content show no significant influence. The G 00 is strongly correlated with the PC1, and in consequence with the honeydew honeys; the honeydew honeys which have the lowest moisture content have also the highest G 00 values. The acacia honey projection is influenced by the fructose content; the acacia honeys have the highest concentration of fructose.
Linear discriminant analysis
The linear discriminant analysis was used for the authentication of honey using the physicochemical and rheological parameters. In the LDA projection (Fig. 3) there are five different groups. LDA reached a good classification of 98.04% of the samples (original validation) and 94.12% of the samples (cross validation), respectively. In the case of the cross validation, the function 1 explains 58.51% of the total variance, while function 2 explains 36.268%. In the case of cross validation, an acacia honey was classified as tilia, while in the case of two polyfloral it was observed a wrong classification (one as acacia and one as sunflower). In the LDA projection (Fig. 3) 
Artificial neural networks
The honey samples have been classified according to their botanical origin using the physicochemical and rheological parameters using the artificial neural networks (multilayer perceptron (MLP), probabilistic neural network (PNN), and modular neural network (MNN)). The experimental data have been divided into three main categories as: training (40% of the samples), cross-validation (30% of the samples) and testing ones (30% of the samples). Each artificial neural network was calculated based 1, 2 and 3 hidden layers, respectively. For achieving the suitable model three statistical parameters were calculated: mean squared error (MSE), mean absolute error (MAE) and regression coefficients (R 2 ). In Table 3 are presented the statistical parameters. The suitable model for predicting the botanical origin of the honey is the MLP with 1 hidden layer, based on the statistical parameters presented in Table 3 .
Conclusion
Honey samples exhibited a Newtonian behaviour irrespective of their botanical origin; the rheological parameters were influenced negatively by the increasing of the moisture content. The predictions of the rheological Linear discriminant analysis of honeys using physicochemical and rheological parameters: rhombus-acacia, square-tilia, triangle-polyfloral, cross-honeydew, multiplication sign-sunflower parameters reached higher regression coefficients for loss modulus, complex viscosity and shear loss compliance, while for elastic modulus and shear storage compliance the regression coefficients were lower. From the four chemical parameters, the moisture content has the highest influence on the magnitude of the rheological parameters (the moisture content sensitivity was higher than 0.55). The LDA is the suitable method for honey botanical authentication, reaching a correct cross validation of 94.12% of the samples.
